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Abstract: This publication presents the impact of PM10, PM2.5, and cloudiness on the power that is
generated by photovoltaic panels—the actual photovoltaic power was measured. Weather parameters
that were recorded by a weather station were taken into account, and the dependencies between the
weather parameters and the power that was generated by PV panels were determined. This study
was based on actual data from a solar cell set and was designed to allow a certain size of a PV system
to be able to supply power to a given load. For the entire measurement year, data on PM10, PM2.5,
cloudiness, and generated power were collected; by using a genetic algorithm, the influence of the
environmental parameters on the power that was generated by the PV panels was calculated. The
research shows the influence of anthropogenic factors on the power that is generated by PV panels.
It was observed that PM2.5 and PM10 air pollution decreased the power by about 16% among the
analyzed factors as they were related to cloudiness. The impact of the pollution was stable over the
year in the analyzed location.
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1. Introduction

Efficiency is the relationship between the total output and input power (typically at
full load) and a nominal input voltage. It is not possible to achieve 100% efficiency due to
the various losses. The amount of energy from sunlight in the Earth’s outer atmosphere is
approximately 1361 W/m2. Depending on the weather conditions, a limited part of this
energy reaches the Earth’s surface. On a cloudless day, a maximum of about 75% of solar
energy (about 1025 W/m2) reaches the Earth’s surface. Due to the processes that take place
in the atmosphere, some of the energy is absorbed and reflected; the rest is passed further
to the Earth’s surface [1]. Clouds can reduce the amount of transmitted energy by up to 40%
of the amount in the upper atmosphere; in this case, about 500 W/m2 or less reaches the
Earth’s surface. Devices that can use this energy for conversion into electricity include solar
panels. Depending on the technology, their conversion efficiency reaches a maximum of
about 25% under certain conditions [2–4]. The performance of a cell depends on its structure
and the type of substrate that is used (which is currently silicon). A panel consists of many
cells; the key features that affect the performance of a panel are the type of silicon (junction
and passivation), the busbar configuration, or the color of the protective layer. Panels that
are built using high-purity silicon are more expensive, but ultra-high-efficiency cells are
still under development. Furthermore, the overall performance of a panel is influenced
by meteorological factors such as ambient temperature, air humidity and precipitation,
atmospheric pressure, and factors that are related to the irradiance level. The efficiency of a
solar panel is measured under standard test conditions, and the performance of solar cells
is measured under laboratory conditions; these are different than real-life conditions [5].
Most solar panels that are used today have efficiencies that are less than 20%, while some
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of the most efficient residential solar panels have efficiencies that are less than 25%, which
include the Sun-Power M Series, (440 W, 22.80%) [6], LG Solar NeON R (405 W, 22.30%) [7],
and REC Group Alpha Pure (410 W, 22.20%) panels [8]. Some commercial-, industrial-, and
utility-scale PV panels may have efficiency ratings that are greater than those listed, but the
highest lab-made PV cell efficiencies with bonded six-junction devices approach 50% [9–11].
In fact, this efficiency may be lower due to environmental and weather conditions, air
pollution, dust on the surface of the PV panels, and a number of other factors [12,13].

The efficient use of energy sources is an important issue due to the costs and negative
environmental impacts of fossil fuel combustion. Concerns about the greenhouse effect
and the unavailability of an endless source of energy have made renewables acceptable
alternative energy sources. Renewable energy sources have been carefully chosen for
large-scale implementation as the demand for uninterrupted energy supply has grown.
The energy of solar radiation reaches the Earth’s surface; the total amount of absorbed
sunlight and thermal energy that does not reflect from the top of the Earth’s atmosphere
back into space is the sum of the short-wave and long-wave electromagnetic energy of
0.3 to 100 µm wavelengths that remains in the Earth’s system [14]. Some of the sunlight
that reaches Earth’s system goes back into space (either being reflected by clouds, aerosols,
and gases in the atmosphere) or is radiated from the Earth’s surface. Reflected short-wave
radiation includes sunlight at wavelengths that range from 0.3 to 5 µm, which flows from
the top of the Earth’s atmosphere into space. The Earth is heated by sunlight and gives
off the absorbed heat. Consequently, there are three ways to transfer heat to and through
the atmosphere: radiation, conduction, and convection. Air carries heat and moisture
into the atmosphere; heat is also emitted by the Earth into space through this mechanism.
The resulting outgoing long-wave radiation features wavelengths that are between 5 and
100 µm [15].

The intensity, location, and quantity of solar radiation are shown on solar maps.
Information about this amount of solar energy during a selected period is useful for
engineers who work with solar power plants that are built from photo-voltaic panels. Solar
energy conversion devices are important energy sources and are progressively gaining more
popularity all over the world. Solar installations with capacities of more than 716,000 MW
were installed worldwide between 2000 and 2021 (as shown in Figure 1). The graph shows
information about solar electricity generation over time. Overall, there was a widespread
adoption of solar technology during the analyzed 21 years. The total solar energy generation
in the world increased from 1.08 TWh in 2000 to 1023.10 TWh in 2021. The absolute change
of solar energy was +1022.02 TWh, so the relative change was +94,631%. When looking
at such trends over time, the uptake of new technology increased sharply during this
period [16].

The impacts of selected environmental parameters and particulate matter deposit
have been quantitatively and qualitatively analyzed; dust and anthropogenic particle
pollution and their impact on the solar flux that is available for power generation by
photovoltaic panels were taken into account. The amount of energy that was produced
was theoretically estimated and experimentally tested, and the losses in the power that was
generated by photovoltaic panels as related to air pollution were estimated on the basis of
the experimental data [17,18].

The amounts of pollutants in the air are constantly increasing. An approach to air
quality is to pay attention to the processes that lead to the formation of pollutants. Produc-
ing less energy from sources that have a destructive effect on the state of the atmosphere
is the solution to this problem. Pollution adversely affects the amount of energy that is
produced in photovoltaic installations [19].

PV systems have entered the era of artificial intelligence and machine learning. The
integration of ICT, 5G, and intelligent systems with photovoltaic systems ensures higher
economic efficiency and better operation of the investment. The implementation of the
Internet of Things solutions concerns the PV production, installation design (installation
selection, meteorological data modeling), and operation stages.
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Figure 1. Examined microinstallation: (a) PV panels in winter; (b) PV panels in summer; (c) interface 
consisting of the graphical presentation of the current values of key indicators of a functioning 
photo-voltaic system. 
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Related Literature and Studies

Environmental factors are very important in this respect. The increase in urbanization,
the development of industry, and the use of fossil fuels all cause poor air quality as a
consequence, which is one of the most serious problems in the world [20].

When conducting a literature query, the published works can be classified into two
main groups: those that perform a prediction, and those that describe the obtained mea-
surements. Predicting the photovoltaic system properties and modeling of PV output by
evolutionary algorithms is very popular. The authors in [21] described the parameters for
a photovoltaic model that were extracted using three evolutionary algorithms: a genetic
algorithm (GA), particle swarm optimization (PSO), and differential evolution (DE). The ac-
curacy and speed of the calculations were compared with the relative errors in the separated
parameters based on three techniques under a noise condition. The authors concluded
that particle swarm optimization (PSO) showed the highest precision and outstanding
anti-noise ability; therefore, there is a proposed computational method to evaluate and
extract the parameters of a dye-sensitized solar cell model.

The authors in [22] presented an improved evolutionary computational algorithm to
extract a photovoltaic design of parameters using an adaptive genetic algorithm. In order
to find the optimal photovoltaic parameters, an approach for matching the current–voltage
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curve was used. This article presented an improved algorithm of evolutionary computation
called the adaptive genetic algorithm (AGA), which is an optimization measure that is
based on curve fitting. Two objective functions that were presented in the paper (least
mean square error [LSE] and Pearson residual error optimization [PRO]) were considered
to fit the curve of the analyzed characteristics.

The work in [23] presented the use of numerical techniques based on genetic algo-
rithms (GA) to identify the electrical parameters of photovoltaic cells and modules. These
parameters were used to find the maximum power point from the current–voltage char-
acteristic. The genetic algorithm approach was used as a numerical technique in order to
overcome the problems that are associated with local minima. The race of the algorithm
stopped after five and seven generations for the solar cells and solar modules, respec-
tively. The identified parameters were used to make a distinction of the maximum power
operating points for a photovoltaic cell and module.

The work in [24] presented a method to extract the model parameters of illuminated
solar cells based on genetic algorithms. The mathematical description of the solar cell model
was determined using the Lambert function. The paper showed the effects of testing the
ability of the method that was proposed by the authors compared to the direct extraction
method. This test was related to matching the current–voltage characteristics of a selected
photovoltaic cell to randomly generated parameters; the obtained accuracy of the results of
the proposed method was satisfactory.

Genetic algorithms and genetic programming, differential evolution, evolution strate-
gies, and evolutionary programming are stochastic techniques, so a different result can be
obtained each time an algorithm is run. A literature review that describes the obtained
measurements will be limited to analyzing the influence of the existing atmospheric phe-
nomena on energy that is produced by photovoltaics. The published works that analyze
the obtained measurements that deal with large reductions in solar energy production due
to particulate air pollution are mainly not connected to GAs.

The work in [25] presented a study of the effect of dust settlement on energy production
by photovoltaic modules using the modified angular loss coefficient. The mathematical
method was applied and modified in order to obtain a better prediction of the angular
loss coefficient. In the works by [26–29] on the impact of smog factors on photovoltaic
power, the impact of environmental factors on the efficiency of photovoltaic systems was
shown; these concluded that solar irradiance has the greatest impact on the efficiency of
photovoltaic systems. In [30], the numerical simulations of a PV module were performed;
the simulations were performed by computational fluid dynamics (CFD). The numerical
results were compared with the experimental results. The influence of the dust deposition
density on the electrical and thermal parameters of a photovoltaic module was investigated.
The effect of dust, humidity, and air velocity on the performance of photovoltaic cells was
mainly investigated by an experimental study in which the dust that was deposited on PV
panels was analyzed. The work in [31] presented the results of research on the influence
of dust pollution on the permeability of the glass cover of a PV module. The research
covered the influence of dust pollution on the total permeability of flat glass and the spectral
transmittance of glass with an anti-reflective coating; also, the physicochemical properties
of the dust particles were characterized. A dust particle chemical element analysis was
carried out using a TESCAN Field Emission Scanning Electron Microscope and a BRUKER
X-ray Fluorescence. EDS and XRF chemical element analysis and XRD qualitative and
quantitative analysis were used. The influence of humidity on energy losses were estimated;
the results that were obtained from this study can be used to size a PV system to meet
a specific load and to maintain its required power output by taking the dust effect into
account. Similar analyses of this type can be found in [32–35].

The work in [36] presented genetic algorithms in real problems as a popular field
of research on the optimization problems. In the field of energy, many evolutionary
approaches have been used; therefore, it is not possible to identify one as the best for the
selected issue. The literature on evolutionary algorithms in general and their industrial
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applications is extensive, but not all of them apply to applications that have found their
practical use. The prepared paper aims to apply genetic algorithms in the practice of energy
production. Compared to other methods, it has been noticed that genetic algorithms may
be a very efficient technique to estimate the influence of particulate air pollution on the
electrical parameters of photovoltaic modules.

A genetic algorithm with crossover and mutation was used to estimate the relationship
between air pollution and cloudiness with the power that was generated in a photovoltaic
installation. The research showed the influence of anthropogenic factors on the power
that was generated by photovoltaic panels; therefore, it can be said that this work may
start a discussion in this regard but not end it or confine thematic deliberations in this
regard [37–39].

2. Materials and Methods
2.1. Concept of Measurements

The analyzed site has a specific location because it is in a valley; its air pollution comes
not only from local pollution sources (industrial plants, households, and car exhaust fumes)
but also from neighboring regions. The predominant directions of the movement of the
pollutants are meridional (from west to east), and the pollutants are generally blown in.
Since the analyzed location is in a valley, these pollutants remain for a longer period of time.
The particles are defined by their diameters even though they differ in size, shape, and
chemical composition. The particles may contain carbon, metal compounds, and organic
and inorganic compounds.

The aim of the analyses was to determine as a percentage share how air pollution
(particularly PM2.5 and PM10 dust particles) adversely affected the production of electricity
from solar radiation energy (which must travel through these pollutants). The work is an
attempt to answer the question of how much energy is absorbed and reflected by dust in the
air. The cloud cover absorbs a certain amount of energy; however, it can be concluded that
the share of these components was significant based on the obtained results that showed
constant values of energy losses that were caused by the cover of clouds and dust. The
share of the sum of the dust in reducing the amount of energy that fell on the ground
surface was relatively constant regardless of the analyzed particle size; only the proportions
of the share of individual dust fractions changed.

The results showed the impact of pollutants that were composed of small droplets of
liquid, dry solid fragments, and solid cores with liquid coatings on the energy production
of solar radiation energy, so the efficiency of the solar cells and the efficiency of the entire
examined system were not taken into account, as the amount of power that was measured
at the output of the system was analyzed. At the same time, all of the power that was
produced was consumed by the receivers, so the PV cells always worked to obtain the
maximum power from the sunlight that was present at the moment. If the system was
disconnected from the receiver, then no energy would be given back, energy production
would be zero, and the information would be provided to us by the system that supported
the PV installation.

During the analyses, we did not model or predict the behavior of the PV system. The
aim of the analyses was to calculate how much the dust affected the amount of energy
produced and, more precisely, how much more energy we would obtain under the same
conditions without contaminating the PV panels with dust. The obtained results were
only true for one selected location where the measurements were carried out; if another
location with more favorable wind conditions was analyzed (thus favoring the removal
of pollutants from the site), then the dust pollution would be removed from the pollution
cap above the site. This would affect the amount of energy that would not reach the solar
installation and would not be used by it.

The evolutionary algorithm was used to calculate the percentage distribution of the
solar radiation absorption by dust, cloud cover, and solar installation. These parameters
directly influenced the performance of the photovoltaics. Using the evolutionary algorithm,
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three coefficients were calculated (i.e., the shares of PM2.5 and PM10 dust particles as well
as the cloud cover). The obtained results showed the shares of each of these parameters
that influenced the amount of energy that reached the Earth’s surface. Neural networks
are commonly used to predict this process, while the use of evolutionary algorithms is less
frequent; the obtained results clearly showed that there was some regularity in estimating
the amount of energy that was usable and absorbed by obstacles in the atmosphere. The
applied evolutionary algorithms gave better results in the data analysis, while they were
worse for the prediction. The results obtained as a result of analyses with evolutionary
algorithms can be used to optimize the processes, analyze the obtained data, and find any
relationships between them. For prediction, more-accurate results can be obtained by using
neural networks (according to the authors’ experience). During the analyses, the process
coefficients were identified.

When conducting the analyses in a search for the best solution to the problem that
featured three variables (PM2.5, PM10, and cloud cover), the extreme of the function was
searched for in our work (i.e., the smallest differences of the subtotals). Various algorithms
can be used to accomplish this difficult task. A probabilistic algorithm was used to carry
out the task of obtaining an approximation of the best solution. The used evolutionary
algorithm is a random algorithm that mimics the natural processes of genetic inheritance.
The ongoing evolutionary process corresponds to searching a space for potential solutions,
which is possible thanks to the use of the best-available solutions and a broad search
of the space for potential solutions. By searching the space for possible solutions with
individuals that are evenly distributed in a 3D space at the initial stage of the analysis, a
solution cloud was obtained that focused on global extremes. Each subsequent iteration
of the program brought the solution closer; consequently, the operation of the algorithm
led to the identification of the extremes. As a result of the mutations and crossovers, we
obtained an evaluation function that was calculated from the average number of obtained
individuals that were clustered around the global extremes; then, we stopped the algorithm.
In the history graph, we could observe this by flattening the algorithm. The algorithm
was convergent. Ten starts of the algorithm operation were selected to show that, despite
the fact that the beginning of the algorithm operation was randomly different each time
because we used a random number generator, the obtained results showed similar values.
We had a concentrated solution cloud, so the proposed algorithm was convergent (thus, it
was well-designed. Moreover, the algorithms that were proposed for searching for the best
solution did not give a solution that was worse than 5% of the optimal value; this means
that we obtained a slightly worse solution (but not worse than 5% of the best solution).
If the calculations were made for a many-times-greater number of generations, then we
would obtain a relatively slightly higher approximation to the optimal value over a much
longer period of time. Another potentially applicable method is the gradient method; the
result of this depends on the starting point of the calculations. However, there is then a risk
of locating the local minimum while we are looking for the global minimum.

When performing numerical analyses, there is a danger of finding the local mini-mum.
We searched globally, and we had three variables; on this basis, we looked for the result
(i.e., we were looking for the global minimum in 4D space). Evolutionary algorithms make
this possible for us.

The panels worked at maximum power; we were not interested in any losses. The
results that were obtained at the output of the system were important. We treated the
energy-harvesting system as a kind of a “black box”.

The shown periods were averaged to one day, so the results for the PM2.5 and PM10
dust particles and cloud cover were averaged to one day. There was some inaccuracy, but it
was averaged; the obtained results were not inferior to the results that were obtained from
the shorter period for the higher frequency of the measurements [40].
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2.2. Instrumentation and Experimental Facility

The object of the research was a photovoltaic microinstallation with a rated electric
power of 1200 W. The data that were processed in this work came from a monitored experi-
mental photovoltaic laboratory stand (which is shown in Figure 1). The microinstallation
was located on the roof of the fifth floor building of Krakow Pedagogical University. For
the period of the analyses that are presented in this work, two panels were inclined at 35◦,
two were inclined at 15◦, and all faced due south (0◦ S). The analyzed photovoltaic microin-
stallation was combined with standard photovoltaic modules that were manufactured by
ML System S.A. Zaczernie, PL (ML-S6MF/T1-300-992/1639, Zaczernie, Poland).

The basic components of the solar cell modules was monocrystalline silicon. The power
of the three frame modules and the glass–glass module was 300 Wp, each module consisted
of 60 cells and 5 busbars, and the cell size was 6 inches. These panels were characterized by
an efficiency rating of 18.44%. At maximum power, their current and voltage were 9.3 A and
32.3 V, respectively. Data from two weather stations that were located near the PV modules
(one directly on the solar panel, and the second about 700 m from the laboratory) were used
for the analyses. The weather stations measured the following data: location, measurement
time, total insolation, insolation from E, W, S, rainfall, temperature, wind speed/direction,
altitude of sun, PM2.5, and PM10. To measure the electrical parameters of the tested
photovoltaic panels, a computing system was used to measure the current, voltage, power,
and electricity that were sent to the grid. The measurement system computed the averaged,
maximum, and minimum values as well as the 15-min changes of the parameters. A 30-s
scan interval was selected because this is the scanning measurement period on which all
of the sensors in the experimental PV microinstallation worked. Of the available data, the
PM10/PM2.5 air pollutants, cloudiness, and amount of power that was generated by the
solar panels were analyzed [41].

During the dust layer tests, the deposited dust on the tested panels systematically
increased; this resulted in a decrease in the amount of energy that was produced by the
panel. A lack of maintenance, which consisted of not removing the pollution, was a
deliberate procedure to show the functioning of the installation in the constantly growing
environmental pollution. The role of the deposited dust was presented where the losses
that resulted from the panel contamination of the surface were estimated at an annual
average of 5.0687% [42].

During the 1-year cycle of datalogging, several episodes of rain occurred that influ-
enced the amount of energy that was produced in the micro-plant, as this resulted in a
reduced amount of dust that was deposited on the panel, thus changing the percentage of
the production loss difference due to the dust contamination. All of the activities that were
related to the maintenance (or a lack thereof) were intended to reflect the actual operating
conditions of the device as much as possible.

2.3. Data Processing

The total data-acquisition period corresponded to the period from 1 January through
to 31 December 2021. The first stage of the data processing was to create a database of
the records from the sensors that measured the environmental parameters along with the
parameters that were determined by the photovoltaic curve; this allowed us to create a
database of the operating parameters of the solar microinstallation under real environ-
mental conditions. Then, the impact of the air pollution and cloudiness on the power
generation by the solar system that was caused by solar energy reaching the surface of the
Earth was assessed on scripts that were created in MATLAB/Simulink. The analyses that
were performed using the evolutionary algorithms proved to be useful for assessing the air
quality in the environment. These methods of identifying pollutants are becoming more
and more popular, and a genetic algorithm can describe real environmental conditions [43].

An evolutionary algorithm was used to predict the impact of the concentration of
the selected pollutants and cloudiness on the amount of power that was generated by the
photovoltaic panels. The evolutionary algorithm defined an approximate optimization
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algorithm in which the mechanisms of selection, reproduction, and mutation were applied,
and the evolutionary algorithm progressively created new and better solutions, and solved
optimization problems. First, it was necessary to calculate/estimate the parameters of
the evolutionary algorithm (including the number of crossovers, number of mutations,
size of the population, and number of generations) for the algorithm to work properly.
The evolutionary algorithm began the search process by creating a population of potential
solutions (an individual) that contained information. The information that was contained
in the subject was decoded and judged according to a given criterion; then, the individuals
that were assessed as the worst were eliminated in each evolutionary algorithm step. This
selection did not introduce any new individual to the population. Those individuals that
remained after the selection underwent mutation and recombination with the use of the
crossover operator. The purpose of this process was to find those areas that were closest
to the optimal areas in the search space; this resulted in obtaining new solutions that
were used to build the population of the next generation. The condition to terminate
the algorithm was a certain number of generations that enabled the achievement of a
satisfactory solution [44]. The applied genetic algorithm gradually created solutions and
thus was used to solve the optimization problems. In the analyzed case, this allowed us to
estimate the dependence of the possibility of using solar energy in the form of electricity
that was produced by a photovoltaic microinstallation regarding the concentration of air
pollutants in the air [45–48].

2.4. Simulation of Power Generated in Photovoltaic Installation Depending on Percentage of
Pollutants and Cloudiness

An evolutionary algorithm was used to calculate the required coefficients (as shown
in Figure 2). Being an optimization algorithm, this evolutionary algorithm found the best
solution from the database of the problem solutions. A single solution (called an individual)
represented the solution to a problem with the evaluation function.
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For the three-dimensional case, the individual is marked according to the following
formula:

O1 = [x11, x12, x13, F(x11, x12, x13)], (1)
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where:
x11, x12, x13—gene/chromosomes of individual O1;
F(x11, x12, x13)—value of fitness function of individual O1.
An individual is a vector that consists of four elements: three that are weights, and

one that is the fitness function.
Task representation is a way of writing a task formula as a vector of numbers. In the

described case, there were four series of measurements that were performed at the same
moments of time: power generation from PV panels, amount of PM10, amount of PM2.5,
and cloudiness. Each of these series of measurements had different units and different
maximum values. First, each waveform value was normalized so that all of the values were
within a range of <0.1>. The waveform of the power generation from the PV panels was
the base waveform. Each of the three waveforms (PM10 level, PM2.5 level, and cloudiness)
was assigned a coefficient. The weight coefficient is a numerical characteristic of the degree
of influence of one factor on another. The three coefficients were presented as floating-point
numbers from the <0.1> range and were calculated by the evolutionary algorithm. These
coefficients made up a single individual as a vector of three elements. The fitness function
is given by the following formula:

F(x11, x12, x13) = ∑N
i

∣∣dn,E,i − (x11 pn,10,i + x12 pn,2.5,i + x13 pn,cloudness,i)
∣∣, (2)

where:
F(x11, x12, x13)—value of fitness function for current individual;
N—number of measurement points;
i—current time;
dn,E,i—normalized course of amount of energy produced in i—time, base course;
pn,2.5,i—normalized PM2.5 mileage in i—time;
pn,10,i—normalized PM10 mileage in i—time;
pn,cloudness,i—normalized course proportional to cloud cover in i—time;
x11, x12, x13—searched dependency coefficients.
The analyzed population is a fixed set of individuals, the initial population is the set

of individuals that are generated and evaluated in the first step of the algorithm, and the
new population is the set of individuals that will be in the new generation.

Evolutionary algorithm operators are responsible for generating new individuals, and
new individuals are generated based on the current population. Depending on the type
(crossover or mutation), the evolutionary algorithm operator selects one or more individuals
from the population and processes their coordinates. As a result, a new individual (a new
three-dimensional vector) is assigned to which the value of the fitness function is assigned;
the newly created individual is then added to the current population.

Selection is responsible for picking up individuals from the current population to the
new population that becomes current in the next loop of the program. Selection by the
tournament method was used in the analyses. At this point of the algorithm, the basic
number of individuals in the population increases with the number of individuals that are
generated by the operators of the evolutionary algorithm. The mechanism of this type of
choice is based on the selection of three individuals from the current population. The values
of their fitness function were compared with those of the new population; the individual
with the lowest value of the fitness function was selected. This activity was repeated as
many times as the assumed number of individuals in the population.

The Pareto principle defines that 20% of examined objects are related to 80% of re-
sources, so a small part of the causes generate almost all of the effects. In the case of repetitive
activities, this principle works well (but it is not always an exact ratio). The Pareto principle
is used in engineering to improve the efficiency of analyses; therefore, algorithms are used
to calculate the Pareto limit for a finite set of alternatives [49–51]. At the beginning of the
analyses, the variables that we could measure were identified. These variables were the
individuals, generations, mutations, crossovers, and fitness function. Those variables that
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could generate 80% of the results were determined. The Pareto limit allowed the study to be
limited to a set of effective selections and performed analyses within that set rather than
considering the full range of each parameter.

The calculations of the relationship between the factors aimed to calculate the per-
centage dependence of the pollutants and cloudiness on the energy that was produced
by the PV panels with the use of an evolutionary algorithm that was initiated by select-
ing an individual. It was assumed that the O1 individual was randomly selected from
the population:

O1 = [x11, x12, x13, F(x11, x12, x13)], (3)

where the results of the evolutionary algorithm calculations are represented by the following:
x11—weight coefficient of effect of PM2.5 on generated energy;
x12—weight coefficient of effect of PM10 on generated energy;
x13—weight coefficient of effect of cloudiness on generated energy;
F(x11, x12, x13)—fitness function sufficiently that is fast to compute and function that

quantitatively measures how fit individuals can be produced from the assumed solution.

3. Results and Discussion
3.1. Visualization of Current, Voltage, and Power Curves of PV Panels

The object of the research was a photovoltaic microinstallation with a rated electric
power of 1200 W. Solar cells that were connected in series and/or parallel formed a photo-
voltaic module, and a photovoltaic system consisted of one or more photovoltaic modules
that were connected in series to increase the total voltage. The power that was generated
by the PV modules may have been different under the same weather conditions, and the
power depended on the point of the current–voltage characteristic. The generated power
depended on the obtainable voltage and current; this was the product of the current and
voltage. The operating voltage of the tested solar module was 30.3 V, while the operating
current was 8.66 A. The power that was obtained during a random day of operation of the
installation for one and four tested panels is presented in Figure 3a,b, respectively. Figure 3
shows the diurnal variability of the current, voltage, and power that was generated by the
photovoltaic system during a typical spring day at the test location as well as any changes
in the meteorological and air-contamination conditions. The set of line and bar graphs that
are shown in Figure 3 clearly demonstrate the dependencies between the produced energy
and the meteorological data (with data values for each hour of a selected day to analyze the
place and day). The line graph in Figure 4a clearly shows the current, voltage, and power
that was measured in the PV system that was connected to the electrical grid. There are
three graphs in the chart: the brown graph shows the changes in the value of the current
during the day; the gray one deals with the changes in the value of the voltage during the
day; and the blue graph shows the fluctuations in power during the day. A key significant
area was between 9:00 a.m. and 4:00 p.m. From 9:00, the produced energy gradually grew
and reached three peaks. At about 11:00, 1:00, and 3:00, there were enormous growths
in the power that was generated by the PV modules. During the following periods, the
total growth of the power rose to about 170, 160, and 200 W, respectively. From 4:00, the
produced energy fluctuated and gradually grew again (although the received increase
slowed down). Therefore, we can say that the growth of the power that was generated
by the PV modules was generally based on the midday hours. It should first be noticed
that the maximum increase in the power that was obtained was much less than the total
module power (which reached 300 W). As a consequence, the conversion efficiency had a
broad maximum of 68% of the rated power of the PV panel.
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The line graph in Figure 3b clearly shows that the four PV panels with the same rated
power but with different technologies and positioning generated power that was similar
to each other, but it can be noticed that it reached almost 0.79 kW in total against 1.2 kW
of nominal power; therefore, they reached an average of almost 70% of the total power.
Therefore, the analyzed panel was not optimally positioned in relation to the direction of
the solar radiation for the selected hour and day of the year. The next figure (Figure 3c)
shows how the air pollution changed with changing wind speeds and rain intensities. The
analyzed location was in a valley, so air pollutants flowed down to it; without outside
help, they were not able to escape the valley. This is shown in the graph very accurately.
Two key significant areas were around 2:00 a.m. and 1:00 p.m. In both cases, the PM10 air
pollution decreased significantly. An interesting observation was the beneficial effect of
rainfall and wind speed on air quality in a given location; these contributed to the reduction
in the amount of dust in the air in such a way that the rain lowered the concentration of
the air pollution from 10.51 (the max on the previous day at 7:00 p.m.) to 3.1 µg/m3, and
the increasing wind speed caused the pollutant levels to plummet (from 7 to 0.76 µg/m3).
If we look at the graph in Figure 3d, one can see that the relative humidity and pressure
remained constant throughout the day. What is interesting here is the slight variation in
temperatures throughout the day; however, the temperature reached the maximum at
around 11:00 a.m. and then dropped steadily. If we look at this and Figure 3b, one will
notice that this coincided with the first peak of the maximum power that was obtained
by the PV panels. An interesting observation is the graph in Figure 3e; this may partially
explain the successive power peaks that were obtained in the PV panels. The graph
presents the data for each hour of the day for the analyzed geographic location for the
selected parameters:

• G(h)—global irradiance on horizontal plane, W/m2;
• Gb(n)—direct irradiance on plane, W/m2;
• Gd(h)—diffuse irradiance on horizontal plane, W/m2;
• IR(h)—surface thermal irradiance on horizontal plane, W/m2.
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An analysis of the graph illustrates the variations in the irradiance during the day.
Looking at the global irradiance on the horizontal plane, one can notice a maximum value
of 626 W/m2 (which occurred at 8:00 a.m.). Looking at the direct irradiance on the plane
that was always normal to the Sun’s rays, one can notice a maximum value of 595 W/m2

(which occurred at 6:00 a.m.). Looking at the diffuse irradiance on the horizontal plane,
one can notice a maximum value of 414 W/m2 (which occurred at 1:00 p.m.). Looking
at the surface infrared (thermal) irradiance on the horizontal plane, one can note peaks
of 347 W/m2 (which occurred at 10:00 a.m., 12:00 noon, and 4:00 p.m.). An evaluation
of these data suggested relationships between the power peaks and the surface infrared
irradiance. At around 11:00 a.m., 1:00 p.m., and 3:00 p.m., there were increases in the power
that was generated by the PV modules. A link can be found with the power peaks shown
in Figure 3b, but the relationships were not clear-cut; therefore, we decided to perform
the evaluation by numerical techniques using an algorithm that ensured sufficiently good
results. Air pollution and cloud cover (which have direct negative impacts on the amount
of radiation on the ground surface) were selected as variables.

3.2. Statistical Analysis

The graphs in Figure 4 show the fitness functions for various crossovers and mu-
tations (from 0 to 25). The graphs differ in the number of populations (25, 50, 100, and
200 individuals in the population) and the number of generations (25, 50, 75, 100, and
200 generations) in all combinations. The more individuals in a population and the more
generations, the more accurate the results are; however, the computation time will be
significantly longer. Too many individuals in a population at these crossover and mutation
values will also cause the algorithm itself to converge slowly. The numbers of mutations
and crossovers are marked on the horizontal axes in Figure 4a,b. The values of the fitness
function according to the numbers of crossovers and mutations are marked on the axes,
whereas individuals in the population and generations are outlined in the descriptions.
The graphs were smoothed out by increasing the numbers of individuals and generations.
A number of 200 generations was assumed for the calculations, which corresponded to the
execution of 200 calculation loops; therefore, the values of 100 individuals for 200 genera-
tions were selected because the graphs were the smoothest. Computational problems often
require taking many criteria into account; two of the most important parameters are the
results of the analysis and the calculation time.

We decided to perform a multivariate analysis, the results of which are presented in
the graphs that are presented in the series of Figures 4 and 5. These show the influence
of four parameters on the calculation results of the evolutionary algorithm. Each point
on the value of the plot is the fitness function of the best individual in the evolutionary
analysis. As it would be difficult to present the relationships of the four parameters on
one graph, the analyses were prepared in stages. Each of the arranged graphs showed two
parameters that determine the values of the fitness function. The analyses were carried out
for 25, 50, 75, 100, and 200 individuals for each number of generations that were selected
for the analysis. The numbers of generations were set at 25, 50, 75, 100, and 200.

For each variant of the calculations, analyses of the effect of the numbers of mutations
and crossovers were carried out—the number of which was initially set from 0 to 25 for each
generation. The obtained results led to the determination of the Pareto limit; the selected
analyses are presented in the attached graphs. Each plot shows the effect of the numbers of
mutations and crossovers (from 0 to 25 per generation). A single drawing is the answer as
to how to adjust the number of mutations per generation and the number of crossovers per
generation that determines the relationship between these calculation parameters.
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tion and for 50 generations; (c) for 100 individuals in the population and for 75 generations; (d) for
100 individuals in the population and for 100 generations; (e) for 100 individuals in the population
and for 200 generations; (f) for 200 individuals in the population and for 25 generations; (g) for
200 individuals in the population and for 50 generations; (h) for 200 individuals in the population
and for 75 generations; (i) for 200 individuals in the population and for 100 generations; (j) for
200 individuals in the population and for 200 generations.

The graphs that were obtained as a result of the calculations show the results of the
genetic algorithm—each point being a separate evolution with parameters (which can
be obtained for 100 individuals, seven mutations, nine crossovers, and 200 generations,
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for example). The analysis started with the selection of the results that were represented
by the graphs that had the most clearly marked wide range of the obtained minimum
values. The charts that remained constant and with steady minimums were selected, and
another selection criterion was added (which was the trend toward a clear and repeatable
minimum). This was conducted to show that, regardless of the moment of starting the
genetic algorithm, the results will be very similar. During the initial search, the calculations
that obtained the lowest clear values on the graphs were selected. Additionally, the results
were selected in which the obtained minimum was as extensive as possible. The result was
the selection of several graphs from the analyses that were carried out with a possibly flat
and wide minimum area (falling within the assumed 10% tolerance range). The analysis
was carried out with 100 individuals and 200 generations (the greater the number of
individuals, the greater the excess computation time).

The graph of the calculation results was selected, and the limits of the minimum
value range were determined; analyses for the numbers of mutations and crossovers were
also performed. The limit of the minimum values was also the assumed Pareto limit. It
was observed that for the adopted variant of the choice (for ncrs = 5 and nmut = 20), the
final result was also similar to that of ncrs = 5 and nmut = 5, where both variants of the
results lay within the area that was limited by the assumed border. The results that were
within the minimum area (marked by the yellow line in Figure 6) indicated the same
good results because multi-criteria optimization was used and several parameters were
examined. An important factor affected the choice of the solution, which also became the
computation time. For the selected numbers of individuals and generations, the number
of crossovers ncrs = 5 and number of mutations nmut = 5 were selected. The Pareto limit is
shown in Figure 6; based on the obtained results, five mutations and five crossovers were
selected for further analysis. After analyzing the results that were obtained during the
tests, 100 individuals, 200 generations, five crossovers, and five mutations were selected
for the calculations.
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The parameters of the evolutionary algorithm were calculated on the basis of the
experimental data. The assumption of the calculations was to obtain satisfactory results
and minimize the calculation time. The characteristics of the value of the fitness function
that was calculated for the chosen generation are shown in Figure 7a–c. The line graphs
show information about changes in the fitness function over the generations. These graphs
show the quality of the evolution and indicate whether the evolution was complete; the
results indicate whether the algorithm was convergent. The values in the chart are the
fitness function (F) values of the best individual in the analyzed generation. If the curve
in the graph decreased slightly, this means that the evolution was considerable and there
were no sharp changes in the value; so, gradually, better and better individuals are counted.
At the beginning of the evolution, no unique individual was generated that dominated the
entire population. The graph that was similar to the e−x function also showed the diversity
of the individuals in the population. If this were not true, characteristic sudden dips in the
characteristics would be visible.
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Figure 7. Plot of fitness function for various calculation variants; analyses were performed for the
following: (a) 50 individuals, 50 generations, five mutations, and five crossovers; (b) 50 individu-
als, 200 generations, five mutations, and five crossovers; (c) 100 individuals, 200 generations, five
mutations, and five crossovers.

The curve tended toward the minimum value as the number of generations increased,
while the fitness function values steadily decreased. The line graph was characterized by
a decrease in the rate of decline as the number of generations increased; this means that
the evolutionary algorithm was close to the required minimum. For the analysis that is
presented in Figure 7a (50 individuals, 50 generations, five mutations, and five crossovers),
the evolution was not complete because the graph did not remain stable in the final phase
(gradually decreasing values of the fitness function indicates that the algorithm made no
progress). The algorithm was convergent.

For the analysis that is presented in Figure 7b (50 individuals, 200 generations, five
mutations, and five crossovers), the evolution was complete; there was a characteristic
leveling in the final phase of the curve, but the ending value of the function was higher
than that initially assumed (it was above 100). The algorithm was convergent.
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For the analysis shown in Figure 7c (100 individuals, 200 generations, five mutations,
and five crossovers), the evolution was complete; there was a characteristic leveling out
toward a minimum, and it remained stable in the final phase of the curve (the ending
value of the fitness function was less than 100). The algorithm was convergent. This
was the criterion for selecting the individuals in the population and generations. The
200 generations guaranteed that the evolution for the given parameters was completed
(which is shown in the chart by the characteristic remaining constant). The final value
(which made it possible to achieve the value of the fitness function that was assumed before
the analyses) indicated the sufficient number of 100 individuals.

The surveys that were aimed at calculating the percentage dependence of pollutants
and cloudiness on the energy that was produced by the PV panels included data for the
entire year. The graphs shown in Figure 8a–c indicate normalized data that were chosen
for the random period of 14 February through to 6 March 2021.
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The normalization of the grades is the adaptation of the values that were measured
on the various scales to a conceptually common scale. The result of the calculations of the
genetic algorithm for a randomly selected individual O1 was as follows:

O1 = [0.1119, 0.0248, 0.7848, F]. (4)



Energies 2022, 15, 8192 19 of 24

Fitness function F was then calculated. Each of the graphs was multiplied by the
x1i factors for i = 1 . . . 3, and these multiplied plots were added together (as is shown in
Figure 9).
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The two graphs in Figure 10 show how the fitness function is counted. The red graph
is the normalized power graph, while the blue graph is the graph that represents the sum
of the graphs: w11 × PM10 + w12 × PM2.5 + w13 × cloudiness. The graphs in Figures 8–10
show only a random segment of time, not the entire measurement period (so as not to
complicate the drawing with densities of the curves that are too high). The difference
between the values on the graph of the normalized power that was generated by the
photovoltaic panels and the graphs of the normalized particle concentration in the air
around the PV installation and the cloudiness was calculated at each measuring point for
each day of the year. The sum of the absolute value of the difference between these graphs
was the fitness function value, which was the function by which the individuals were
compared. The fitness function is, therefore, the sum of the areas between these curves,
which is a numerical value that approximates the value of a definite integral that uses
rectangles. There is a connection here: the smaller the difference, the smaller the fitness
function value and the better the individual. The graph also clearly shows how the sum
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of the three graphs (w11 × PM10 + w12 × PM2.5 + w13 × cloudiness) coincides with the
graph of the power that was obtained by the tested photovoltaic panels.
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Then, the sum of the absolute values was calculated at each moment during the
measurement period, a fitness function parameter was calculated, and the calculation
results of the evolutionary algorithm were the following:

O1 = [0.1119, 0.0248, 0.7848, 87.7733]. (5)

The following formula was used to calculate the percentage weight coefficient x%,1 of
the effect relationship:

x%,1 =
x1i

x11 + x12 + x13
f or i = 1 . . . 3. (6)

To calculate the percentage relationship between the amount of pollutants (PM2.5 and
PM10) and cloudiness as well as the value of the power that was generated from the solar
radiation energy by the photovoltaic panels, an evolutionary algorithm was used with the
following parameters:

• number of generations—200;
• population size—100;
• number of crossovers per generation—5;
• number of mutations per generation—5.

The evolutionary algorithm was run ten times for each measurement period; the
results of the calculations are presented in Table 1.

Table 1. Results of the calculations of the evolutionary algorithm for the collected data.

No. w11 w12 w13 w%,1 w%,2 w%,3 F

1 0.1449 0.0053 0.7796 15.58% 0.57% 83.84% 87.68
2 0.1426 0.0081 0.7798 15.32% 0.86% 83.81% 87.69
3 0.1366 0.0134 0.7795 14.69% 1.44% 83.86% 87.72
4 0.0954 0.0609 0.7724 10.27% 6.55% 83.17% 87.94
5 0.1019 0.0336 0.7756 11.18% 3.68% 85.12% 87.82
6 0.1221 0.0213 0.7768 13.26% 2.31% 84.42% 87.76
7 0.1253 0.0152 0.7782 13.64% 1.65% 84.70% 87.73
8 0.1366 0.0085 0.7832 14.71% 0.91% 84.37% 87.70
9 0.0971 0.0335 0.7847 10.60% 3.65% 85.73% 87.81

10 0.1348 0.0137 0.7778 14.55% 1.47% 83.96% 87.72

Mean value 13.38% 2.31%
84.30%

w%,1 + w%,2 15.70%



Energies 2022, 15, 8192 21 of 24

The results of the calculation of the evolutionary algorithm that is presented in Table 1
are represented by the following:

1. w%,1 by weight factor of influence of PM2.5 particulate matter on energy that was
produced by PV panel;

2. w%,2 by weight coefficient of influence of PM10 particulate matter on energy that was
produced by PV panel;

3. w%,3 by weight factor of cloudiness on energy that was produced by photovoltaic panel.

The results of the calculation showed the influence of PM2.5 (13.38%) and PM10 (2.31%)
related to the cloudiness (84.30%) on the power that was generated by the photovoltaic
panels. The study calculated the relationship between the air pollution and the cloudiness.
Another issue to be analyzed is the determination of the relationships among other factors
that influenced the energy production by the photovoltaic panels. Based on the chosen
meteorological measurement for the selected location, this will allow us to determine the
potential power of the solar panels.

4. Conclusions

The analysis showed how much energy was lost and how to find a solution to best
match the power of the PV panels to the customer’s needs and the electricity network. The
evolutionary algorithm enabled us to search the space of solutions that avoided the traps of
a local minimum. The search for possible solutions in order to find the best (or potentially
the best) solution takes place through the mechanisms of evolution and natural selection.

The impact of environmental pollution and cloudiness on the power that was obtained
was analyzed with the use of genetic algorithms. During the computation, the algorithms
were convergent. The obtained results indicate that the power that was obtained was
affected by air pollutants (PM10 and PM2.5 in total) by 15.70% as related to the cloudiness
impact. In order to obtain the required power of the solar panels in the analyzed location,
they should be equipped with almost 16% more power than was assumed in the project (if
only the cloudiness measurements were available). Despite the benefits of free solar energy,
solar energy-harvesting systems have disadvantages that include low conversion efficiency,
production uncertainty, inconsistency in energy production, and non-linearity in system
output power. Their energy production depends on the meteorological conditions and the
cleanliness of the atmosphere—on a cloudless and sunny day, the power that is generated
by a PV system can be much higher than during a cloudy period (provided there is no
dust pollution in the atmosphere above the solar panels, which can effectively reduce the
amount of energy that can be produced by the PV panels). To overcome these problems,
various optimization and control techniques for manufacturing and operational systems
have been proposed to effectively estimate the required power of photovoltaic panels.
Genetic algorithms analyze the effects of prior states. They take into account the specificity
of electricity production from solar radiation energy, its unpredictability of production, and
the influence of many variables on the amount of energy production [52–54]. Using the
example of the current location, we calculated a loss of about 16% related to the cloudiness.

Analyzing the issue of the reverse, it can be concluded that photovoltaic installations
play an important role in the decarbonization of the energy sector, in mitigating the effects of
climate change, and in a local positive effect on reducing air pollution (because no harmful
substances are emitted into the atmosphere as a result of the electricity-generation process).
There are prospects for using such analyses in the future. Assuming less air pollution
that can be obtained by modernizing transport systems, limited traffic in city centers for
internal combustion vehicles, and fewer people generating airborne particulate matter, the
amount of inhalable particulate matter does not have to increase. There are prospects for
the development of energy production from PV panels and a more accurate calculation
of the amount of energy that will go to the end user that is based on existing pollution
and other meteorological component measurements. During the era of the widespread
demand for energy, the loss of existing suppliers of energy resources and care for the natural
environment by minimizing the emission of a mixture of many chemical species into the



Energies 2022, 15, 8192 22 of 24

atmosphere seem to be extremely important in the context of not only nature, politics,
economy, health, and life extension but also financial settlements. Genetic algorithms will
play a significant role in this issue.
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